This paper focuses on the weekly idiosyncratic momentum (IMOM) as well as its risk-adjusted versions with respect to various idiosyncratic risk metrics. Using the A-share individual stocks in the Chinese market from January 1997 to December 2017, we first evaluate the performance of the weekly momentum and idiosyncratic momentum based on raw returns and idiosyncratic returns, respectively. After that the univariate portfolio analysis is conducted to investigate the return predictability with respect to various idiosyncratic risk metrics. Further, we perform a comparative study on the performance of the IMOM portfolios with respect to various risk metrics. At last, we explore the possible explanations to the IMOM as well as risk-based IMOM portfolios. We find that 1) there is a prevailing contrarian effect and a IMOM effect for the whole sample; 2) a negative relation exists between most of the idiosyncratic risk metrics and the cross-sectional returns, and better performance is found that is linked to idiosyncratic volatility (IVol) and maximum drawdowns (IMDs); 3) additionally, the IVol-based and IMD-based IMOM portfolios exhibit a better explanatory power to the IMOM portfolios with respect to other risk metrics; 4) finally, higher profitability of the IMOM as well as IVol-based and IMD-based IMOM portfolios is found to be related to upside market states, high levels of liquidity and high levels of investor sentiment. (Wei-Xing Zhou) 1 Literature regarding the momentum (contrarian) effect are abundant, and Asness et al. (2013) conduct the comprehensive research on crosssectional momentum effect.
Introduction
Among the market anomalies, the cross-sectional momentum (MOM) effect is one of the most wildly-studied phenomena. In fact, it has been found ubiquitous in almost every stock market and and asset class (Asness et al., 2013) . 1 It exerts the big challenge to the Efficient Markets Hypothesis (EMH) (Fama, 1970 (Fama, , 1991 since its introduction in the seminal work of Jegadeesh and Titman (1993) . Typically, the momentum effect exists in the intermediate term (mainly from 3 months to 12 months), while the contrarian effect exists in the short term (1 month) and long term (more than 12 months).
Despite of its popularity, MOM still suffers dramatic drawdowns during financial crises (Daniel and Moskowitz, 2016) , and it is more sensitive to common factors' performance in the future (Grundy and Martin, 2001; Blitz et al., 2011 Blitz et al., , 2018 . Accordingly, scholars have been attempting to explore more refined versions of momentum that maintains the profitability while reduces downside risks.
In light of classical pricing models, the premium is compensated for systematic risk only. In other words, unsystematic risks or idiosyncratic risks, would not be related to asset returns (Sharpe, 1952; Lintner, 1965) . However, a surge of literature provide the evidence suggesting the linkage between the idiosyncratic risk and asset performance (Ang et al., 2006 (Ang et al., , 2009 Fu, 2009; Stambaugh et al., 2015; Gu et al., 2018) , although some of their findings are mixed. The relation between idiosyncratic risk and expected returns, if any, is expected to be positive in classical paradigm, while a growing body of literature have recognized a negative relation between them (Stambaugh et al., 2015; Atilgan et al., 2019) . And this may provide new thought or solution to the enhancement of profitability related to the combination of different firm-specific characteristics. Therefore, the residual or idiosyncratic momentum (IMOM) comes out, 2 which has been receiving scholars' attention in recent years (Gutierrez Jr and Prinsky, 2007; Blitz et al., 2011 Blitz et al., , 2018 Chang et al., 2018) . IMOM portfolios are constructed by sorting on idiosyncratic return that is usually adjusted by the idiosyncratic volatility, and it is documented to give rise to more robust and better performance compared to the MOM, especially in the US stock market (Gutierrez Jr and Prinsky, 2007; Blitz et al., 2018) . On the other hand, although more and more idiosyncratic risk metrics have been developed, few attentions have been paid to how the various risk-adjustment methods affect the momentum performance.
Our work contributes to the literature on momentum effects from the following aspects. First, our work fills in the gap of the research on the short-term idiosyncratic momentum for the Chinese stock market. Compared with other mature financial markets, the Chinese stock market is relatively young. Some phenomena characterize the Chinese market, including the less transparent information environment at the market and firm levels and a larger proportion of irrational individual investors, etc. Some studies concentrate on the short-term momentum, but in the earlier days (Kang et al., 2002; Pan et al., 2013) . Also, a few studies investigate the idiosyncratic momentum effects on the monthly basis (Lu and Lu, 2018) . To the best of our knowledge, the short-term idiosyncratic momentum has remained unexplored in the Chinese stock market yet.
Second and more importantly, we attempt to conduct a comparative study on how different risk-adjustment methods are related to the idiosyncratic momentum in the Chinese stock market. In fact, Chinese investors mainly invest in real estate and equities. And according to the data published by China Securities Depository and Clearing Corporation Limited (CSDC), each of the retail investors holds only 1.4 stocks as of June 2018, which are obviously under-diversified. As such, the aggregated effect of under-diversified portfolios would result in more idiosyncratic risks in the market (Fu, 2009 ). Hence, we expect a better performance of the IMOM strategies with respect to various risk-adjustment methods in China.
Conventionally, idiosyncratic risk always refers to as idiosyncratic volatility in most of the literature (Ang et al., 2006 (Ang et al., , 2009 Blitz et al., 2011 Blitz et al., , 2018 . However, more idiosyncratic risk metrics have been developed to capture the idiosyncratic risk more accurately. We attempt to explore if these risk metrics can predict cross-sectional returns and if they can lead to better performance of risk-adjusted idiosyncratic momentum.
We take several risk metrics associated with idiosyncratic return into consideration. Among them, idiosyncratic volatility (IVol, hereafter) is one of the most frequently used risk metrics in the literature, which has been shown to function well in predicting the cross-sectional stock returns in the US market. A quite feasible theoretical explanation is proposed by Stambaugh et al. (2015) , documenting that the IVol viewed as arbitrage risk, accompanied with arbitrage asymmetry, leads to the negative relation between IVol and expected return. The Chinese market still experiences costly short-selling, despite of the launch of margin trading on March 31, 2010. Thus, the negative relation between the IVol and the cross-sectional stock return is expected to be more pronounced in the Chinese market. Besides the IVol, we also consider the skewness and kurtosis associated with idiosyncratic returns, i.e., ISkew and IKurt. Some of the investors possess lottery-like demands, resulting in the positive skewness of historical stock returns but with very small probability of persistent outperformance in the future (Boyer et al., 2009; Bali et al., 2011) . Additionally, a few studies also find the negative relation between IKurt and cross-sectional return, while a solid theoretical basis is still needed.
We also consider several tail risk metrics with respect to the idiosyncratic return. As argued in Pontiff (2006) , the risk with respect to idiosyncratic return, including its tail risks, could be viewed as part of "holding costs", thus contributing to the arbitrage cost. Thereby following the explanation from Stambaugh et al. (2015) , there also would be the negative relation between the idiosyncratic tail risk and cross-sectional return, due to the arbitrage asymmetry.
From another perspective, the arguments associated with tail risk anomalies by Atilgan et al. (2019) also shed light on the idiosyncratic tail risk metrics adopted in our work: Investors exhibit stronger underreaction to bad news, which provides a negative return drift in the future, and this further leads to the negative relation between tail risk and stock returns. Correspondingly, stronger underreaction to idiosyncratically bad news is expected to result in negatively abnormal return drifts, thus seemingly causing the assets more overpriced. This also implies the negative relation between the idiosyncratic tail risk and cross-sectional return.
Following Atilgan et al. (2019) , we consider the idiosyncratic VaR and idiosyncratic expected shortfall as the proxies of idiosyncratic tail risks (IVaR and IES, hereafter) in our work. Additionally, it is straightforward to consider the idiosyncratic maximum drawdown (IMD) as one of the idiosyncratic tail risk metrics for the Chinese stock market. The price limit trading rules implemented currently in China became effective since December 1996, requiring that the maximum daily price fluctuation in terms of the last closing price is ±10% for common stocks. Apparently, it slows down investors' reactions to the bad (good) news associated with firms via limiting the magnitude of price slumping (climbing). Therefore, as to some extreme events, the "slow-down" effect would be more pronounced in this situation and the price reflection is expected to last for a much longer period of time. Additionally and more importantly, price limits also serve as the alleviator of the pessimism (enthusiasm) of investors, incurred by massive selling (buying). Specifically, after hitting the limits caused by bad or good news, the price would stop reflecting the information until the upcoming news completely offset the influence posed by the preceding news. Therefore, the suspension of price reflection essentially "shortens" the reaction time of last news, which contributes to the "speed-up" effect in this situation. Hence, in the first situation, tail risks might not be perfectly captured by the expected shortfall or VaR that functions well in the US market (Atilgan et al., 2019) . Instead, the maximum drawdown does a better job by virtue of capturing the risk of long-term price adjustment. And, it would be opposite in the second situation. Therefore, the idiosyncratic tail risk anomaly would depend on which metric is adopted. Thereby, we could examine which effect is dominant via comparing the results regarding the IMD and the IVaR (or the IES): If the "slow-down" ("speed-up") effect is dominant, higher return magnitudes would be mainly achieved by the short side of portfolio with higher (lower) idiosyncratic tail risks.
The rest of this paper proceeds as follows. Section 2 describes data and methodology employed in the study. Section 3 presents the empirical results and conducts further examinations. Section 4 concludes.
Data and methodology

Data
Daily data for the Chinese A-share common stocks are retrieved from the China Stock Market & Accounting Research (CSMAR) database, covering the period from December 1997 to December 2017. There are a total of 3,726 common stocks listed on Shanghai Stock Exchange (SHSE) and Shenzhen Stock Exchange (SZSE) as of December 2017. Our data set mainly contains adjusted closing prices and returns (for split and dividend). We also retrieve the data of Fama-French 3 and 5 factors as well as risk-free rates from the CSMAR database.
We preprocess the data and exclude the prices and returns of the first months for individual stocks on the ground that abnormal fluctuations usually exist in the IPO month in the Chinese stock market. We also exclude the stock returns after a continuous period of suspension, 3 which is typically related to the abnormal returns caused by major events like M&A.
MOM test
The classical J − K portfolios based on calendar-time methods are constructed Titman, 1993, 2001; Gutierrez and Kelley, 2008) , which are argued to be more conducive to convey the information regarding the factors (Fama, 1998) . The parameters J and K represent the lengths of the estimation period and the holding period, respectively. Specifically, we conduct the univariate portfolio analysis according to the following steps: STEP 1: Rank and divide individual stocks into ten decile groups at the beginning of each week t, according to some criteria: For the MOM test, the ranking criteria is cumulatively raw return over the past J weeks from t − J − 1 to t − 2, as described below: 4
The winner refers to the decile group with the best performance, while the loser is the group with the worst performance. STEP 2: Construct the zero-cost arbitrage portfolio via longing the stocks from the winner portfolio and shorting the stocks from the loser portfolio for each week during the whole sample period.
STEP 3: Evaluate the average performance of the loser, winner and zero-cost arbitrage portfolios over the subsequent K weeks. 5 Weekly return can be obtained using the Friday-to-Friday method. 6 Considering some short vacations or Lunar holidays in China that usually range from three days to one week, we skip the weeks that contain two trading days or less. Lastly, Newey and West (1987)'s t-statistics adjusted for autocorrelation and heteroscedasticity is applied to average weekly return series for each J − K portfolio. For the MOM test, it would be a momentum (contrarian) effect when the winner portfolios have better (worse) performance than the loser portfolios.
IMOM test
As for the IMOM test, we first resort to popular pricing models to retrieve the idiosyncratic return series for each individual stock. Specifically, at the beginning of each week t, we retrieve the daily excess returns of individual stocks over the past J trading weeks from t − 2 to t − J − 1, and we conduct the Fama-French 5-factor (FF5F, hereafter) regressions to obtain the idiosyncratic return seriesε FF5F t , as described by
where ER t and R MKT denote daily stock returns and value-weighted market portfolio returns, respectively, in excess of risk-free rate; R SMB , R HML , R RMW , and R CMA constructed following Fama and French (2015) , represent size, value, profitability and investment factors, respectively. 7 The IMOM test shares the same test procedures as that of the MOM test, except that in STEP 1, the ranking criteria changes to the cumulatively idiosyncratic return over the past J weeks from t − J − 1 to t − 2, as described below
Risk metrics
Risk-adjusted IMOM is argued to provide more robust and favorable performance, which enlightens us to explore optimal risk-adjusted IMOM based upon various risk metrics, as presented in Table 1 . We first attempt to examine VaR of idiosyncratic return at the 1% and 5% confidence level the predictability of stock returns with respect to each risk metric. Specifically, each of the risk metrics at time t is calculated according to the idiosyncratic returns,ε FF5F t , over past 130 trading days or 26 trading weeks. Further, we conduct the univariate portfolio analysis. The ranking criteria would be based on each of the idiosyncratic risk metrics and the winner (loser) corresponds to the stocks with the lowest (highest) risk.
Risk metrics and IMOM
As for the combination of idiosyncratic return and risk metric, firstly, we follow the literature on risk-adjusted IMOM (Gutierrez Jr and Prinsky, 2007; Blitz et al., 2011 Blitz et al., , 2018 Chang et al., 2018) and construct ranking factor as follows
which could be viewed as a directly adjusted procedure. Then, we conduct the univariate portfolio analysis following STEP 1 to STEP 3. Secondly, we adopt the indirectly adjusted procedure. Specifically, we conduct the bivariate portfolios analysis and form the intersected groups by double sorting. At first, the individual stocks are divided into ten decile groups according to the idiosyncratic return and specific risk metric, respectively. The intersected winner (loser) group is formed through picking out the stocks from groups with the highest (lowest) return and the lowest (highest) risk. The rest of the test process is also the same with the univariate portfolio analysis. This method further results in relatively fewer stocks in the portfolios, which is more practical in the investment.
For the convenience, we use the following abbreviations to denote the momentum portfolios constructed through the double sorting on idiosyncratic return and each specific risk metric: IVol-IMOM, ISkew-IMOM, IKurt-IMOM, IMD-IMOM, IES-IMOM, and IVaR-IMOM.
Empirical results
Univariate portfolio analysis based on raw returns
We first evaluate the performance of weekly momentum expressed in Eq. (1) based on cumulatively raw returns. We adopt various pairs of J and K, where J ∈ {2, 3, 4, 8, 13, 26, 52} weeks whilst K ∈ {1, 2, 3, 4, 8, 13, 26, 52} weeks. Given the immature price limits mechanism implemented before 1997 and the frequently abnormal fluctuations happened during the same period, our data period is from January 1997 to December 2017.
In view of the prevailing contrarian effect in the Chinese market (Shi et al., 2015; Shi and Zhou, 2017a,b) , the time series of the MOM returns are multiplied by -1 so that the Sharpe ratios and maximum drawdowns could be further obtained, and the positive results indicate the higher (lower) performance of the loser (winner) portfolios. This is confirmed by the significant returns ranging from 5.2% to 13% annually in Panel A of Table 2 for each J − K portfolio, which is also in accordance with previous studies (Kang et al., 2002; Zhu et al., 2003; Pan et al., 2013) . Except that the significant momentum return is achieved only when J = 2 and K = 1, we can readily observe the prevailingly and significantly contrarian effects when J and K are less than 26 weeks. The FF5F-α values in Panel B remain statistically significant as well, and most of their magnitudes are larger than those of the raw returns. The maximum drawdowns also vary in a wide range.
We additionally evaluate the MOM performance in subperiods as reported in Table A .1, which are consistent with existing literature (Kang et al., 2002; Zhu et al., 2003; Pan et al., 2013) : Weekly momentum mainly exist for the 
Univariate portfolio analysis based on idiosyncratic return
The results of the univariate portfolios analysis based on the cumulatively idiosyncratic returns are reported in Table 3 . Compared to the results based on the cumulatively raw returns, Table 3 tells a completely different story. We observe that all the portfolios achieve statistically positive profits. Specifically, the annual returns range from 3.64% (0.0007 × 52 ≈ 3.64% when J = 2 weeks and K = 52 weeks) to 19.76% (0.0038 × 52 ≈ 19.76% when J = 4 weeks and K = 1 week).
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We additionally evaluate the IMOM performance in subperiods. The results are reported in Table A .2. Apparently, almost no idiosyncratic momentum profits exist during the first subperiod from 1997 to 2003 in Panel B, although all the portfolios achieve positive returns. In comparison, as for the second and third subperiods in Panels C and D, we observe the pronounced short-term idiosyncratic momentum, ranging from one week to 13 weeks. Meanwhile, the profitability of the IMOM seemingly has strengthened over time, especially in most recent periods, with the return magnitudes being higher than those for the whole sample period (in Panel A) by a range from 5 to 10 basis points.
Univariate portfolio analysis based on idiosyncratic risk metrics
The relation between lagged risk metrics and cross-sectional returns should be identified before we perform the risk-adjustment to the IMOM. Therefore, we conduct the univariate portfolio analysis based on different risk metrics.
Unsurprisingly, the majority of the portfolios achieve positive profits, indicating the negative relation between the idiosyncratic risk metric and cross-sectional returns, as indicated in Table 4 . Additionally, as predicted, most results indicate the negative abnormal returns (measured by FF5F α's) achieved by the stock group with the highest level of risk metrics, contributing much more to the total abnormal return of arbitrage portfolios. 8 We find that higher profitability is achieved by the portfolios with respect to the IVol, which is presented in Panel A. Coincidently, all the IVol-based portfolios have almost the same returns as well as FF5F α's as those of the IMOM portfolios when J = 26 weeks in Table 3 . In addition, the Sharpe ratio and the maximum drawdown share very similar values as well. For instance, the Sharpe ratio ranges from 0.6342 to 0.7339 for the IVol-based portfolios and ranges from 0.6431 to 0.7449 for the IMOM portfolios; The maximum drawdown ranges from 22.59% to 32.91% for the IVol-based portfolios and 22.24% to 34.81% for the IMOM portfolios. The empirical results imply that the return series of IMOM and IVol might be highly correlated, which would be confirmed in the following tests.
In comparison, the portfolios based on the ISkew and the IKurt in Panel B and C exhibit much worse performance. In the results of ISkew, significant returns only exist when K is less than eight weeks and the magnitudes of significant returns are less than 10 basis points. As a result, the Sharpe ratio ranges from 0.5323 to 0.6037. Our findings indicate that the lottery-like demand in the Chinese stock market may not be strong. However, it should be noted that lagged ISkew is argued to be a good estimator for the expected skewness but not for the expected idiosyncratic skewness (Boyer et al., 2009) , thereby leading to the biased results regarding the ISkew, while the explanation of lottery-like demand is applicable to both cases. As for the IKurt, no results are statistically significant, and moreover the return magnitudes remain very low as well, which however is not surprising: No further theoretical evidence has been provided to support the existence of the relation between the idiosyncratic kurtosis and cross-sectional stock returns.
Moving to the results for idiosyncratic tail risk, some findings in common are revealed: Weekly raw returns ranging from 10 to 20 basis points; FF5F-α's being higher than the raw returns by less than 3 basis points; and the maximum drawdowns ranging from 20% to 40%. Taking a closer look at the results, we further find the more superior performance with respect to the IMD. The returns associated with the IMD are statistically significant at the significance level of 5% when K = 1 week and are more significant when K spans from two to eight weeks. In comparison, the returns of portfolios with respect to other tail risk metrics exhibit lower magnitudes and statistical significance. Although our results suggest that IMD-based portfolios outperform those based on other tail risk metrics, we cannot conclude that a more prevailing slow-down effect of price limits takes place in the Chinese stock market. Conversely, as suggested by the larger magnitude of negatively abnormal returns of the loser portfolios (Table A. 3), it would be a speed-up effect instead. For instance, the stocks with highest level of IMD achieve -0.15%, -0.14% and -0.13% for first three holding-weeks, which are lower than those in IES5 and IVaR5. In Table 4 , we additionally observe the stark difference between the results for IVaR5 (or IES5) and IVaR1 (or IES1). Nearly half of the portfolios are insignificant in IES1 or IVaR1, while all portfolios are significant in IES5 and IVaR5. This is probably because the IVaR5 and the IES5 convey more information about the bad news than IVaR1 (IES1), as indicated by the larger drift of negative abnormal returns in loser portfolios.
We additionally observe the decreasing profitability with increasing holding period K in results for most of the risk metrics. Atilgan et al. (2019) also document similar findings but associated with left tail risks. Both cases are in accordance with the argument of the stronger underreaction to bad news in the first phase and the correction of overreaction to bad news in the second phase (Hong and Stein, 1999; Atilgan et al., 2019) .
Finally, the fact that Sharpe ratios are higher in IVol when K < 3 weeks, while the results of IMD-based portfolios achieve better performance when K ≥ 3 weeks, enlightens us to construct the various strategies, depending on different holding periods.
Spanning test for idiosyncratic risk metrics
We further employ the results from Table 4 to conduct the spanning test (Novy-Marx, 2012; Blitz et al., 2018) , so as to examine if the predictability of one specific risk metric, along with Fama-French 5 factors, could explain those Table 1 . Average weekly returns (Raw), FF5F-α's (α), annualized Sharpe ratios (SR) and maximum draw downs (MD) are presented in each panel. The sample period is from January 1997 to December 2017. At the beginning of each week, each risk metric is calculated using idiosyncratic returns over past 130 trading days for individual stocks, by which they can be sorted into ten decile groups. Zero-cost arbitrage portfolio can be constructed by buying the stocks from the decile group with lowest risk and selling stocks from group with highest risk. Portfolios would be held for K weeks, and calendar-time method is applied to obtain the average weekly return. Newey and West (1987)'s t-statistics are obtained and the superscripts * and ** denote the significance at 5% and 1% levels, respectively. of other risk metrics. The results are presented in Table 5 . In each panel, a total of 56 augmented FF5F time-series regression are performed. Significance level of intercepts (α's) implies the explanatory power of risk metrics. And an insignificant intercept would suggest the test factor is inside the span of the explanatory factor. We evaluate their performance according to the number of statistically significant α's associated with different risk metrics. For instance, there is a total of 20 α's that remain statistically significant after the augmented FF5F regression in first panel for IVol. Accordingly, we can sort the idiosyncratic risk metrics based upon their respective numbers of unexplained intercepts: IVol (20), IES5 (22), IMD (23), IES1 (24), IVaR1 (28), IVaR5 (32), ISkew (48), IKurt (51); what present in parentheses are numbers of statistically significant α's. Therefore, the IVol-based portfolios display more powerful explanation to others, while the IKurt-based portfolios have the weakest power of explanation. In fact, risk metrics with smaller number of significant α's indeed exhibit better explanatory power than others, such as IVol, IES5, IMD, and IES1. Additionally, we also find the risk metrics "clustering" in the results. To be specific, the tail risk metrics including IES1, IES5, IVaR1 and IVaR5 function well in explaining each other. The IES1-based and IES5-based portfolios could completely explain those based on IVaR1 and IVaR5, and insignificant α's remain less than 3 basis points. The IVaR1-based and IVaR5-based portfolios could explain majority of the those associated with IES1 and IES5, and insignificant α's also approach small values. Generally, the portfolios with respect to tail risk metrics exhibit limited explanatory power to the IMD-based as well as IVol-based portfolios so that the majority of α's are left being significant with more than at least 3 basis points. In comparison, ISkew and IKurt could offer better explanation to each other, meanwhile they are not able to explain the portfolios based on other risk metrics at all, with significant α's much higher than those in Table 4 . And portfolios based on other risk metrics also exhibit weak explanatory power to the portfolios based on ISkew and IKurt.
Apparently, IMD explains the majority of the portfolios associated with tail risk metrics as well as most portfolios with respect to the IVol. In comparison, the IVol-based portfolios seemingly have better explanatory power to those with respect to most risk metrics, except for ISkew, IKurt, and IVaR5, and the insignificant α's approach zero as well. Accompanied with the previous evidence, we conclude that IVol and IMD outperform the rest of the risk metrics.
Risk-adjusted IMOM
Preceding tests confirm the negative relation between the idiosyncratic risk metrics and the cross-sectional stock returns, which paves the way to the combination of the idiosyncratic risk metrics and the IMOM. We attempt to explore more profitable risk-adjusted IMOM portfolios. Likewise, we conduct the study by forming J − K portfolios with varying K, while we fix J at 26 weeks, which is coherent with the length of the estimation period (130 trading days) for idiosyncratic risk metrics. As mentioned in previous sections, we construct risk-adjusted IMOM portfolios from two perspectives for the robustness of results.
Firstly, we follow the directly adjusted IMOM procedure, as described in Eq. (5). Given that the negative values in ISkew lead to sorting disorder, we consider only other seven risk metrics in this method. The results are reported in Table 6 . Generally, the results are very similar to those of the univariate portfolio analysis with respect to the risk metrics in Table 4 . In fact, some of the portfolios achieve higher returns by only 1 basis point. The Sharpe ratios for most portfolios are indeed improved but very slightly, especially in the results based on idiosyncratic tail risk metrics. However, the maximum drawdowns of most portfolios are even worse than those in Table 4 . In comparison, FF5F-α is the only indicator that gets remarkably improved. We also obtain some similar findings. For instance, the IVol-IMOM portfolios gain higher profitability than other portfolios.
As for the Sharpe ratios, we observe the outperformance of the IVol-IMOMs and the IMD-IMOMs. In particular, the IVol-IMOMs achieve higher Sharpe ratios when K is less than three weeks, ranging from 0.67 to 0.75, and the IMD-IMOMs achieve higher Sharpe ratios when K is more than three weeks, ranging from 0.69 to 0.87, which are similar to the findings in Table 4 . As for the maximum drawdowns, we find that the IES1-IMOMs, the IMD-IMOMs and the IVol-IMOMs outperform the others. In addition, through the scrutiny of the results, we find that the IVol-IMOM shares the similar performance as those with respect to the IVol and the IMOM, further suggesting that IVol and IMOM share the similar ranking process to thereby construct the zero-cost arbitrage portfolios with similar performance. Table 5 : Spanning test for idiosyncratic risk metrics. Augmented FF5F-regression is conducted to examine if the profitability of various risk-based portfolios could be explained by one of others. Variable X in the first column refers to as the profitability of X-based portfolios incorporated in FF5F model, derived from Table 4 . Column 2 reports K's value. Columns 3 to 8 report the α's of the augmented FF5F model, and βs of variable X. Newey and West (1987)'s t-statistics are adopted and the superscripts * and ** denote the significance at 5% and 1% levels, respectively.
0.0014 * * -0.12 * * 0.0021 * * -0.37 * * -0.0006 * 0.79 * * -0.0001 0.90 * * -0.0007 * * 0.95 * * 0.0001 0.67 * * -0.0001 0.80 * * 2 0.0013 * * -0.11 * * 0.0019 * * -0.38 * * -0.0002 0.79 * * -0.0002 0.89 * * -0.0006 * * 0.95 * * 0.0000 0.67 * * -0.0002 0.80 * * 3 0.0012 * * -0.10 * * 0.0017 * * -0.37 * * -0.0001 0.79 * * -0.0002 0.89 * * -0.0005 * * 0.95 * * -0.0000 0.67 * * -0.0003 0.80 * * 4 0.0011 * * -0.11 * * 0.0016 * * -0.36 * * 0.0001 0.79 * * -0.0002 0.89 * * -0.0005 * * 0.95 * * -0.0000 0.67 * * -0.0003 0.80 * * 8 0.0008 * * -0.12 * * 0.0011 * * -0.37 * * 0.0002 0.78 * * -0.0002 0.89 * * -0.0004 * * 0.95 * * -0.0000 0.67 * * -0.0003 0.80 * * 13 0.0005 -0.13 * * 0.0008 * * -0.37 * * 0.0003 0.78 * * -0.0001 0.91 * * -0.0003 * 0.97 * * -0.0000 0.68 * * -0.0002 0.81 * * 26 0.0001 -0.13 * * 0.0004 -0.36 * * 0.0003 * 0.78 * * -0.0001 0.92 * * -0.0002 0.98 * * -0.0001 0.72 * * -0.0001 0.82 * * 52 0.0000 -0.10 * * 0.0002 -0.34 * * 0.0003 * 0.78 * * -0.0001 0.92 * * -0.0002 0.97 * * -0.0001 0.72 * * -0.0002 0.81 * * ISkew 1 0.0036 * * -0.31 * * 0.0002 0.58 * * 0.0024 * * -0.36 * * 0.0034 * * -0.60 * * 0.0030 * * -0.54 * * 0.0029 * * -0.54 * * 0.0031 * * -0.59 * * 2 0.0033 * * -0.28 * * 0.0002 0.56 * * 0.0026 * * -0.38 * * 0.0031 * * -0.59 * * 0.0028 * * -0.51 * * 0.0026 * * -0.54 * * 0.0028 * * -0.58 * * 3 0.0031 * * -0.28 * * 0.0001 0.56 * * 0.0026 * * -0.40 * * 0.0029 * * -0.58 * * 0.0027 * * -0.51 * * 0.0024 * * -0.54 * * 0.0025 * * -0.58 * * 4 0.0030 * * -0.30 * * 0.0001 0.55 * * 0.0026 * * -0.42 * * 0.0027 * * -0.60 * * 0.0025 * * -0.52 * * 0.0023 * * -0.56 * * 0.0024 * * -0.60 * * 8 0.0026 * * -0.37 * * -0.0001 0.58 * * 0.0023 * * -0.47 * * 0.0023 * * -0.65 * * 0.0022 * * -0.57 * * 0.0019 * * -0.61 * * 0.0019 * * -0.66 * * 13 0.0022 * * -0.41 * * -0.0001 0.57 * * 0.0020 * * -0.51 * * 0.0020 * * -0.69 * * 0.0019 * * -0.61 * * 0.0016 * * -0.66 * * 0.0017 * * -0.70 * * 26 0.0016 * * -0.45 * * -0.0001 0.56 * * 0.0015 * * -0.55 * * 0.0014 * * -0.75 * * 0.0014 * * -0.67 * * 0.0010 * * -0.72 * * 0.0011 * * -0.75 * * 52 0.0014 * * -0.35 * * -0.0002 0.52 * * 0.0013 * * -0.49 * * 0.0011 * * -0.69 * * 0.0011 * * -0.59 * * 0.0008 * * -0.69 * * 0.0009 * -0.70 * * IKurt 1 0.0039 * * -0.62 * * 0.0007 0.38 * * 0.0025 * * -0.58 * * 0.0033 * * -0.59 * * 0.0031 * * -0.75 * * 0.0027 * * -0.34 * * 0.0029 * * -0.51 * * 2 0.0036 * * -0.66 * * 0.0007 * 0.37 * * 0.0027 * * -0.62 * * 0.0030 * * -0.62 * * 0.0029 * * -0.79 * * 0.0024 * * -0.35 * * 0.0026 * * -0.52 * * 3 0.0033 * * -0.66 * * 0.0007 * 0.37 * * 0.0026 * * -0.63 * * 0.0027 * * -0.62 * * 0.0027 * * -0.79 * * 0.0021 * * -0.35 * * 0.0023 * * -0.53 * * 4 0.0031 * * -0.67 * * 0.0006 * 0.36 * * 0.0026 * * -0.64 * * 0.0026 * * -0.62 * * 0.0026 * * -0.80 * * 0.0020 * * -0.36 * * 0.0022 * * -0.53 * * 8 0.0026 * * -0.71 * * 0.0004 0.37 * * 0.0022 * * -0.67 * * 0.0021 * * -0.65 * * 0.0021 * * -0.83 * * 0.0017 * * -0.38 * * 0.0017 * * -0.56 * * 13 0.0022 * * -0.76 * * 0.0002 0.37 * * 0.0020 * * -0.71 * * 0.0019 * * -0.70 * * 0.0018 * * -0.88 * * 0.0015 * * -0.42 * * 0.0016 * * -0.60 * * 26 0.0016 * * -0.84 * * -0.0001 0.39 * * 0.0015 * * -0.76 * * 0.0013 * * -0.80 * * 0.0013 * * -0.97 * * 0.0010 * * -0.51 * * 0.0011 * * -0.70 * * 52 0.0011 * * -0.90 * * 0.0000 0.39 * * 0.0011 * * -0.82 * * 0.0009 * * -0.87 * * 0.0009 * * -1.03 * * 0.0007 * -0.56 * * 0.0007 * -0.76 * * IMD 1 0.0014 * * 0.95 * * 0.0013 * * -0.17 * * 0.0017 * * -0.42 * * 0.0011 * * 0.88 * * 0.0006 0.93 * * 0.0010 * * 0.66 * * 0.0009 * * 0.79 * * 2 0.0009 * * 0.97 * * 0.0014 * * -0.18 * * 0.0017 * * -0.44 * * 0.0005 0.91 * * 0.0002 0.97 * * 0.0006 0.68 * * 0.0004 0.81 * * 3 0.0007 * 0.99 * * 0.0014 * * -0.18 * * 0.0016 * * -0.44 * * 0.0003 0.93 * * 0.0000 0.98 * * 0.0004 0.70 * * 0.0001 0.84 * * 4 0.0005 1.01 * * 0.0012 * * -0.19 * * 0.0016 * * -0.44 * * 0.0001 0.94 * * -0.0001 1.00 * * 0.0002 0.70 * * -0.0000 0.85 * * 8 0.0002 1.05 * * 0.0009 * * -0.21 * * 0.0012 * * -0.47 * * -0.0001 0.97 * * -0.0003 1.04 * * 0.0001 0.73 * * -0.0002 0.87 * * 13 0.0001 1.08 * * 0.0007 * -0.23 * * 0.0010 * * -0.48 * * -0.0001 1.02 * * -0.0003 1.09 * * -0.0000 0.77 * * -0.0002 0.91 * * 26 -0.0001 1.12 * * 0.0002 -0.24 * * 0.0006 * -0.47 * * -0.0003 1.08 * * -0.0004 * 1.14 * * -0.0002 0.85 * * -0.0003 0.97 * * 52 -0.0001 1.14 * * 0.0002 -0.20 * * 0.0003 -0.46 * * -0.0003 * 1.10 * * -0.0004 * 1.16 * * -0.0003 0.86 * * -0.0003 * 0.97 * * (1987) t-statistics are adopted and the superscripts * and ** denote the significance at 5% and 1% levels, respectively.
1 0.0006 * 0.96 * * 0.0017 * * -0.26 * * 0.0019 * * -0.38 * * -0.0002 0.79 * * -0.0003 0.98 * * 0.0002 0.76 * * -0.0000 0.89 * * 2 0.0006 * * 0.97 * * 0.0016 * * -0.24 * * 0.0017 * * -0.39 * * 0.0002 0.80 * * -0.0002 0.99 * * 0.0002 0.77 * * -0.0000 0.90 * * 3 0.0006 * * 0.98 * * 0.0015 * * -0.23 * * 0.0015 * * -0.38 * * 0.0003 0.82 * * -0.0001 0.99 * * 0.0001 0.77 * * -0.0001 0.90 * * 4 0.0005 * * 0.99 * * 0.0013 * * -0.24 * * 0.0014 * * -0.38 * * 0.0004 0.81 * * -0.0001 0.99 * * 0.0001 0.77 * * -0.0001 0.90 * * 8 0.0005 * 1.00 * * 0.0010 * * -0.24 * * 0.0010 * * -0.38 * * 0.0005 * 0.82 * * -0.0001 1.01 * * 0.0001 0.77 * * -0.0002 0.90 * * 13 0.0003 0.99 * * 0.0007 * -0.24 * * 0.0007 * * -0.38 * * 0.0004 * 0.81 * * -0.0001 1.01 * * 0.0000 0.78 * * -0.0001 0.90 * * 26 0.0003 0.98 * * 0.0002 -0.24 * * 0.0004 -0.37 * * 0.0004 * * 0.80 * * -0.0000 1.01 * * -0.0001 0.80 * * -0.0001 0.90 * * 52 0.0003 * 0.98 * * 0.0001 -0.21 * * 0.0001 -0.36 * * 0.0004 * * 0.80 * * 0.0000 1.01 * * -0.0000 0.80 * * -0.0001 0.90 * * IVaR5 1 0.0010 * * 0.94 * * 0.0015 * * -0.21 * * 0.0019 * * -0.45 * * 0.0001 0.77 * * 0.0006 * * 0.90 * * 0.0007 * * 0.66 * * 0.0005 * 0.80 * * 2 0.0009 * * 0.95 * * 0.0014 * * -0.19 * * 0.0018 * * -0.45 * * 0.0004 0.78 * * 0.0004 * 0.90 * * 0.0006 * 0.66 * * 0.0003 0.80 * * 3 0.0008 * * 0.96 * * 0.0014 * * -0.19 * * 0.0016 * * -0.44 * * 0.0005 * 0.79 * * 0.0003 0.91 * * 0.0005 0.67 * * 0.0002 0.81 * * 4 0.0007 * * 0.96 * * 0.0012 * * -0.19 * * 0.0015 * * -0.44 * * 0.0006 * 0.79 * * 0.0003 0.91 * * 0.0004 0.67 * * 0.0002 0.81 * * 8 0.0006 * * 0.97 * * 0.0009 * * -0.19 * * 0.0011 * * -0.44 * * 0.0006 * * 0.79 * * 0.0002 0.91 * * 0.0003 0.67 * * 0.0001 0.81 * * 13 0.0004 * * 0.96 * * 0.0006 * -0.20 * * 0.0008 * * -0.43 * * 0.0005 * * 0.79 * * 0.0002 0.92 * * 0.0002 0.69 * * 0.0001 0.82 * * 26 0.0003 * 0.96 * * 0.0001 -0.20 * * 0.0004 * -0.41 * * 0.0005 * * 0.78 * * 0.0001 0.93 * * 0.0001 0.71 * * 0.0000 0.83 * * 52 0.0003 * 0.96 * * 0.0001 -0.17 * * 0.0002 -0.39 * * 0.0004 * * 0.78 * * 0.0000 0.93 * * 0.0000 0.72 * * -0.0000 0.83 * * IES1 1 0.0009 * * 1.04 * * 0.0018 * * -0.33 * * 0.0015 * * -0.31 * * 0.0000 0.86 * * 0.0002 1.11 * * 0.0000 1.04 * * 0.0001 1.02 * * 2 0.0009 * * 1.05 * * 0.0016 * * -0.32 * * 0.0014 * * -0.32 * * 0.0004 0.87 * * 0.0002 1.11 * * 0.0001 1.05 * * 0.0001 1.03 * * 3 0.0008 * * 1.07 * * 0.0015 * * -0.31 * * 0.0012 * * -0.31 * * 0.0005 0.89 * * 0.0002 1.12 * * 0.0002 1.06 * * 0.0000 1.03 * * 4 0.0008 * * 1.08 * * 0.0014 * * -0.32 * * 0.0011 * * -0.32 * * 0.0006 * 0.89 * * 0.0002 1.13 * * 0.0002 1.07 * * -0.0000 1.04 * * 8 0.0006 * 1.10 * * 0.0010 * * -0.33 * * 0.0008 * -0.33 * * 0.0007 * 0.90 * * 0.0001 1.14 * * 0.0001 1.10 * * -0.0001 1.05 * * 13 0.0006 * 1.09 * * 0.0007 * * -0.34 * * 0.0005 -0.33 * * 0.0006 * * 0.89 * * 0.0002 1.13 * * 0.0002 1.10 * * 0.0000 1.05 * * 26 0.0005 * 1.08 * * 0.0002 -0.33 * * 0.0002 -0.33 * * 0.0006 * * 0.89 * * 0.0002 1.13 * * 0.0002 1.10 * * 0.0001 1.04 * * 52 0.0004 * 1.09 * * 0.0002 -0.30 * * -0.0000 -0.33 * * 0.0006 * * 0.89 * * 0.0001 1.14 * * 0.0002 1.11 * * 0.0000 1.04 * * IVaR1 1 0.0008 * * 1.00 * * 0.0017 * * -0.29 * * 0.0018 * * -0.38 * * -0.0001 0.83 * * 0.0002 1.04 * * -0.0001 1.01 * * 0.0003 0.82 * * 2 0.0008 * * 1.01 * * 0.0016 * * -0.28 * * 0.0016 * * -0.38 * * 0.0003 0.84 * * 0.0002 1.05 * * 0.0001 1.02 * * 0.0003 0.83 * * 3 0.0008 * * 1.02 * * 0.0015 * * -0.27 * * 0.0014 * * -0.37 * * 0.0005 0.85 * * 0.0002 1.05 * * 0.0001 1.03 * * 0.0003 0.83 * * 4 0.0008 * * 1.03 * * 0.0013 * * -0.27 * * 0.0013 * * -0.37 * * 0.0006 * 0.85 * * 0.0003 * 1.05 * * 0.0002 1.03 * * 0.0003 0.83 * * 8 0.0007 * * 1.04 * * 0.0010 * * -0.28 * * 0.0008 * * -0.38 * * 0.0007 * * 0.85 * * 0.0003 * 1.05 * * 0.0002 1.05 * * 0.0003 0.83 * * 13 0.0006 * * 1.04 * * 0.0007 * * -0.29 * * 0.0006 * -0.38 * * 0.0006 * * 0.85 * * 0.0002 * 1.06 * * 0.0002 1.06 * * 0.0002 0.85 * * 26 0.0004 * 1.03 * * 0.0002 -0.28 * * 0.0003 -0.38 * * 0.0005 * * 0.85 * * 0.0001 1.07 * * 0.0001 1.07 * * 0.0000 0.87 * * 52 0.0004 * 1.04 * * 0.0001 -0.26 * * 0.0001 -0.37 * * 0.0005 * * 0.85 * * 0.0001 1.07 * * 0.0002 1.08 * * 0.0000 0.88 * * (5), where idiosyncratic return and its risk metrics can be calculated using idiosyncratic returns over past 26 weeks and 130 trading days for each of individual stocks. And they can be sorted into ten decile groups. Zero-cost arbitrage portfolios are constructed by buying stocks from winner group and selling the stocks from loser group. The portfolios would be held for K weeks, and calendartime method is applied to obtain the average weekly return. Newey and West (1987)'s t-statistics are obtained and the superscripts * and ** denote the significance at 5% and 1% levels, respectively. We additionally adopt the indirectly adjusted IMOM procedure via conducting the bivariate portfolios analysis based on double sorting on idiosyncratic returns and some specific risk metrics. We observe the remarkable improvement in most of the results reported in Table 7 , especially in the results of idiosyncratic tail risks, including IMD, IES and IVaR. For instance, weekly short-term raw returns reach up to around 0.24% for IMD, IES and IVaR, compared to the results of about 0.17% in Table 6 . The FF5F-α's are accordingly heightened significantly, which are larger than 0.34%. More importantly, most of their Sharpe ratios also get improved with different degrees, though the maximum drawdowns increase for every portfolio based on tail risk metrics. For instance, in the results of IES1, the average of Sharpe ratios are higher than those in Table 6 by about 0.04 on average, while the maximum drawdowns also achieve the increasement by a range from 4% to 7%. Table 7 : The performance of risk-adjusted IMOM portfolios with the indirect adjustment procedure. This table reports the results associated with the bivariate portfolio analysis, including average weekly raw returns (Raw), FF5F-α's (α), annualized Sharpe ratios (SR) and maximum draw down (MD). The sample period is January 1997 to December 2017. At the beginning of each week, the idiosyncratic return and its risk metrics can be calculated using idiosyncratic returns over past 26 weeks and 130 trading days for individual stocks, by which the stocks can be separately sorted into decile groups according to cumulatively idiosyncratic return and specific risk metric, respectively. The zero-cost arbitrage portfolios are constructed by buying stocks from intersected decile groups with lowest risk and highest cumulatively idiosyncratic returns and selling the stocks from the intersected decile groups with highest risk and lowest cumulatively idiosyncratic returns. Portfolios would be held for K weeks, and calendar-time method is applied to obtain the average weekly return. Newey and West (1987)'s t-statistics are obtained and the superscripts * and ** denote the significance at 5% and 1% levels, respectively. Compared with the IMOM portfolios merely sorted on idiosyncratic return, we do find that the IMD-IMOM portfolios have more favorable performance with higher returns as well as Sharpe ratios, especially in the long term when K ≥ 4. The bad news is that, compared with the IMD-based results in Table 4 , the Sharpe ratios for most IMD-IMOMs decrease to different degrees, while the maximum drawdowns increase significantly. In comparison, the IVol-IMOMs do not have superior but stable performance, which is very similar to the IVol-based and pure IMOM portfolios. On balance, according to the Sharpe ratios and the maximum drawdowns, we still arrive to a similar conclusion that IVol-IMOMs and IMD-IMOMs outperform IMOMs with respect to other risk metrics.
Spanning test for risk-adjusted IMOM
Likewise, this section is to test whether the IMOM portfolios based on various risk metrics could be explained by the IMOM portfolios adjusted by some specific risk metric. To this end, we conduct the spanning tests with augmented FF5F model that incorporates the IMOM based on each specific risk metric. We employ the results based on double sorting in Table 7 . We additionally consider the pure MOM portfolios and the IMOM portfolios with varying K and fixed J (= 26 weeks), which are constructed by merely sorting on raw returns and idiosyncratic returns, respectively. The results are reported in Table 8 . Accordingly, we can rank different versions of momentum portfolios as follows: IMOM (1), IVol-IMOM (1), IES1-IMOM (6), IMD-IMOM (10), IVaR5-IMOM (11), IES5-IMOM (17), IVaR5-IMOM (17), and MOM (61), and the numbers of insignificant α's are presented in the parentheses.
Then, we take a closer look at the results. The pure MOM and IMOM portfolios exhibit completely different results. The MOMs could explain nearly no portfolios regarding the IMOMs and its risk-adjusted versions, except for the ISkew-and the IKurt-IMOM. In fact, although most α's remain insignificant after the FF5F regression with ISkew-IMOMs or IKurt-IMOMs, the corresponding β's are not significant yet, also indicating the poor explanatory power associated with the MOMs. Conversely, the MOMs could be explained by any other version of momentum portfolios. Compared with the MOMs, the IMOMs perform much better in explaining the MOMs as well as other risk-adjusted IMOMs. Except for the ISkew-IMOMs and IKurt-IMOMs, insignificant α's approach zero in results of other risk metrics, indicating the good explanatory power with respect to the IMOMs. Very similar results are obtained for the IVol-IMOMs, which share almost identical α's and β's with those of the IMOMs, in line with our findings mentioned above. Also, the ISkew-IMOMs and IKurt-IMOMs are still not capable to explain the others, except for the powerful explanation delivered to the MOMs. As for the IMOMs with respect to the idiosyncratic tail risk metrics, they also demonstrate good explanatory power to each other. Moreover, the IES1-IMOMs and IMD-IMOMs could explain most of the IMOMs and IVol-IMOMs. In particularly, the IES1-IMOMs exhibit such better explanatory power that IMOMs and IVol-IMD could be completely explained, with the only exception of IVol-IMOM when K = 2 weeks.
In summary, we conclude that IVol-IMOMs, IMD-IMOMs and IES1-IMOMs exhibit better explanatory power to others, which is similar to the finding in the spanning test for idiosyncratic risk metrics.
Market state, illiquility and sentiment
Based upon the results in previous sections, we do find that IVol and IMD adjustments could give rise to more favorable IMOM performance compared to pure IMOM, especially in the bivariate portfolio analysis. Moreover, IVol, IMD, IVol-IMOMs and IMD-IMOMs perform better in the spanning tests. We additionally find the superior performance associated with pure IMOM as well as other risk-based portfolios, such as IVol and IMD. The portfolios mentioned above survived in the FF5F regression, and we further attempt to explore if other factors that are not incorporated in FF5F, could explain IVol-IMOMs and IMD-IMOMs as well as pure IMOMs. Specifically, we wonder whether their performance differs during the periods featured by the factors associated with certain market environment. Therefore, we consider following three factors: Market state, market illiquidity and investor sentiment, which have been documented to be closely linked to momentum performance (Cooper et al., 2004; Moskowitz et al., 2012; Antoniou et al., 2013; Avramov et al., 2016) . The data that are employed to construct the three aforementioned factors are also retrieved from the CSMAR database.
Given that the momentum acts as the trend strategy, we first consider the market states. Following Cooper et al. (2004) , the upside (downside) market state at week t is defined as the periods with the cumulative return of Shanghai Composite Index (SHCI) over the past 26 or 52 weeks being positive (negative). Table 8 : Spanning test for risk-adjusted IMOM portfolios. Augmented FF5F-regression is conducted to examine if the profitability of various risk-based IMOM portfolios could be explained by one of others. Variable X in the first column refers to as the profitability of the X incorporated in FF5F. Column 2 presents K's value. Columns 3 to 8 report α's of explained variables that are IMOMs based on the rest of risk metrics, and β's of explanatory variable X. Newey and West (1987)'s t-statistics are presented in parentheses and the superscripts * and ** denote the significance at 5% and 1% levels, respectively. -0.0014 * * -0.10 -0.0014 * * -0.10 -0.0008 0.04 -0.0015 0.10 -0.0016 * * -0.12 * -0.0013 * * -0.10 -0.0014 * * -0.11 -0.0013 * * -0.09 -0.0013 * * -0.09 IMOM 1 0.0004 -0.43 * * -0.0001 1.01 * * -0.0012 0.78 * * 0.0022 0.77 * * 0.0003 1.09 * * 0.0001 1.07 * * 0.0002 1.10 * * -0.0001 1.04 * * 0.0001 1.08 * * 2 0.0004 -0.41 * * -0.0000 1.01 * * -0.0017 0.76 * * 0.0032 0.87 * * 0.0002 1.09 * * 0.0002 1.07 * * 0.0002 1.10 * * -0.0000 1.04 * * 0.0002 1.08 * * 3 0.0004 -0.40 * * -0.0000 1.01 * * -0.0023 * 0.83 * * 0.0030 0.88 * * 0.0001 1.09 * * 0.0002 1.07 * * 0.0002 1.09 * * 0.0000 1.04 * * 0.0003 1.08 * * 4 0.0004 -0.37 * * -0.0000 1.01 * * -0.0014 0.82 * * 0.0016 0.84 * * -0.0000 1.09 * * 0.0002 1.07 * * 0.0002 1.09 * * -0.0000 1.04 * * 0.0003 1.09 * * 8 0.0002 -0.34 * * -0.0000 1.01 * * -0.0004 0.74 * * 0.0014 0.75 * * -0.0001 1.08 * * 0.0002 1.06 * * 0.0001 1.09 * * -0.0000 1.03 * * 0.0002 1.08 * * 13 -0.0002 -0.30 * * -0.0000 1.01 * * 0.0005 0.78 * * 0.0013 0.78 * * -0.0001 1.07 * * 0.0001 1.07 * * 0.0001 1.09 * * -0.0000 1.04 * * 0.0001 1.08 * * 26 -0.0005 -0.23 * * -0.0000 1.01 * * 0.0002 0.69 * * -0.0003 0.83 * * -0.0001 1.07 * * 0.0001 1.08 * * 0.0000 1.10 * * 0.0001 1.06 * * 0.0001 1.10 * * 52 0.0003 -0.13 * -0.0000 1.01 * * 0.0002 0.71 * * -0.0006 0.63 * * -0.0001 1.06 * * 0.0001 1.07 * * 0.0001 1.09 * * 0.0001 1.04 * * 0.0002 1.08 * * IVol-IMOM 1 0.0004 -0.42 * * 0.0001 0.99 * * -0.0012 0.77 * * 0.0021 0.72 * * 0.0004 1.08 * * 0.0002 1.06 * * 0.0003 * 1.09 * * -0.0001 1.03 * * 0.0002 1.07 * * 2 0.0004 -0.40 * * 0.0000 0.99 * * -0.0017 0.75 * * 0.0031 0.85 * * 0.0002 1.08 * * 0.0002 1.06 * * 0.0002 1.09 * * -0.0000 1.03 * * 0.0002 1.07 * * 3 0.0004 -0.39 * * -0.0000 0.99 * * -0.0023 * 0.83 * * 0.0030 0.86 * * 0.0001 1.08 * * 0.0002 1.05 * * 0.0002 1.08 * * 0.0000 1.03 * * 0.0003 1.07 * * 4 0.0004 -0.36 * * -0.0000 0.99 * * -0.0014 0.82 * * 0.0016 0.83 * * 0.0000 1.07 * * 0.0002 1.05 * * 0.0002 1.08 * * -0.0000 1.02 * * 0.0003 1.07 * * 8 0.0002 -0.33 * * 0.0000 0.99 * * -0.0004 0.74 * * 0.0014 0.73 * * -0.0000 1.07 * * 0.0002 1.05 * * 0.0001 1.08 * * -0.0000 1.02 * * 0.0002 1.07 * * 13 -0.0002 -0.29 * * 0.0000 0.99 * * 0.0005 0.77 * * 0.0013 0.77 * * -0.0001 1.06 * * 0.0001 1.06 * * 0.0001 1.08 * * -0.0000 1.03 * * 0.0001 1.07 * * 26 -0.0005 -0.22 * * 0.0000 0.99 * * 0.0002 0.68 * * -0.0003 0.82 * * -0.0001 1.06 * * 0.0001 1.07 * * 0.0000 1.08 * * 0.0001 1.05 * * 0.0001 1.09 * * 52 0.0003 -0.13 * 0.0000 0.99 * * 0.0002 0.71 * * -0.0006 0.62 * * -0.0001 1.05 * * 0.0001 1.06 * * 0.0001 1.08 * * 0.0001 1.02 * * 0.0002 1.07 * * ISkew-IMOM 1 0.0021 * 0.01 -0.0025 * * 0.14 * * -0.0026 * * 0.14 * * 0.0020 0.73 * * -0.0023 * * 0.14 * * -0.0027 * * 0.12 * * -0.0026 * * 0.13 * * -0.0029 * * 0.12 * * -0.0026 * * 0.11 * * 2 0.0015 -0.02 -0.0023 * * 0.14 * * -0.0023 * * 0.14 * * 0.0028 0.71 * * -0.0023 * * 0.15 * * -0.0023 * * 0.12 * * -0.0024 * * 0.13 * * -0.0024 * * 0.12 * * -0.0023 * * 0.12 * * 3 0.0014 -0.03 -0.0019 * * 0.18 * * -0.0019 * * 0.18 * * 0.0027 0.76 * * -0.0020 * * 0.19 * * -0.0019 * * 0.16 * * -0.0020 * * 0.17 * * -0.0020 * * 0.16 * * -0.0018 * * 0.16 * * 4 0.0015 -0.04 -0.0022 * * 0.19 * * -0.0022 * * 0.20 * * 0.0008 0.68 * * -0.0024 * * 0.21 * * -0.0022 * * 0.18 * * -0.0023 * * 0.19 * * -0.0023 * * 0.18 * * -0.0022 * * 0.18 * * 8 0.0011 -0.03 -0.0021 * * 0.22 * * -0.0021 * * 0.23 * * 0.0009 0.68 * * -0.0023 * * 0.23 * * -0.0021 * * 0.20 * * -0.0022 * * 0.22 * * -0.0022 * * 0.20 * * -0.0021 * * 0.21 * * 13 0.0005 -0.02 -0.0020 * * 0.20 * * -0.0020 * * 0.20 * * 0.0008 0.65 * * -0.0022 * * 0.21 * * -0.0020 * * 0.19 * * -0.0021 * * 0.20 * * -0.0021 * * 0.19 * * -0.0020 * * 0.19 * * 26 -0.0000 0.02 -0.0015 * * 0.25 * * -0.0015 * * 0.25 * * -0.0009 0.67 * * -0.0017 * * 0.26 * * -0.0015 * * 0.24 * * -0.0016 * * 0.25 * * -0.0015 * * 0.24 * * -0.0015 * * 0.24 * * 52 0.0005 0.03 -0.0011 * * 0.39 * * -0.0011 * * 0.40 * * -0.0011 0.65 * * -0.0013 * * 0.40 * * -0.0011 * * 0.38 * * -0.0012 * * 0.40 * * -0.0011 * * 0.38 * * -0.0011 * 0.38 * * IKurt-IMOM 1 0.0005 -0.02 -0.0018 * * 0.07 * * -0.0018 * * 0.06 * * -0.0017 0.30 * * -0.0015 0.06 * * -0.0017 * 0.07 * * -0.0014 0.05 * -0.0017 * 0.08 * * -0.0018 * 0.07 * * 2 0.0010 -0.03 -0.0019 * * 0.08 * * -0.0019 * * 0.08 * * -0.0022 0.28 * * -0.0019 * 0.08 * * -0.0017 * 0.08 * * -0.0016 * 0.07 * * -0.0018 * 0.09 * * -0.0017 * 0.09 * * 3 0.0011 -0.03 -0.0019 * * 0.09 * * -0.0019 * * 0.09 * * -0.0022 * 0.29 * * -0.0019 * * 0.08 * * -0.0018 * * 0.09 * * -0.0017 * 0.09 * * -0.0019 * * 0.10 * * -0.0017 * 0.09 * * 4 0.0014 -0.01 -0.0018 * * 0.10 * * -0.0018 * * 0.10 * * -0.0011 0.30 * * -0.0019 * * 0.09 * * -0.0017 * * 0.10 * * -0.0016 * 0.10 * * -0.0018 * * 0.10 * * -0.0016 * 0.11 * * 8 0.0015 0.01 -0.0017 * * 0.11 * * -0.0018 * * 0.11 * * -0.0011 0.29 * * -0.0019 * * 0.09 * * -0.0016 * * 0.11 * * -0.0017 * * 0.10 * * -0.0019 * * 0.11 * * -0.0015 * 0.12 * * 13 0.0010 0.03 -0.0016 * * 0.13 * * -0.0017 * * 0.13 * * -0.0013 0.26 * * -0.0018 * * 0.12 * * -0.0015 * * 0.13 * * -0.0016 * * 0.13 * * -0.0017 * * 0.13 * * -0.0015 * 0.14 * * 26 0.0000 0.02 -0.0012 * 0.16 * * -0.0012 * * 0.16 * * -0.0005 0.27 * * -0.0014 * * 0.16 * * -0.0012 * 0.17 * * -0.0013 * 0.16 * * -0.0011 * 0.17 * * -0.0011 * 0.17 * * 52 0.0005 0.02 -0.0012 * * 0.11 * * -0.0012 * * 0.11 * * -0.0003 0.20 * * -0.0014 * * 0.11 * * -0.0012 * 0.11 * * -0.0013 * * 0.11 * * -0.0011 * 0.12 * * -0.0011 * 0.12 * * Augmented FF5F-regression is conducted to examine if the profitability of various risk-based IMOM portfolios could be explained by one of others. Variable X in the first column refers to as the profitability of the X incorporated in FF5F. Column 2 presents K's value. Columns 3 to 8 report α's of explained variables that are IMOMs based on the rest of risk metrics, and β's of explanatory variable X. Newey and West (1987)'s t-statistics are presented in parentheses and the superscripts * and ** denote the significance at 5% and 1% levels, respectively.
IMD-MOM 1 0.0006 -0.38 * * -0.0007 * * 0.80 * * -0.0007 * * 0.81 * * -0.0019 0.59 * * 0.0016 0.48 * -0.0005 0.88 * * -0.0004 0.90 * * -0.0008 * 0.86 * * -0.0005 0.89 * * 2 0.0005 -0.36 * * -0.0005 * 0.82 * * -0.0005 * 0.82 * * -0.0022 * 0.59 * * 0.0026 0.57 * * -0.0002 0.89 * * -0.0003 0.91 * * -0.0005 0.86 * * -0.0002 0.90 * * 3 0.0004 -0.35 * * -0.0004 * 0.83 * * -0.0004 * 0.84 * * -0.0027 * * 0.67 * * 0.0025 0.57 * * -0.0002 0.90 * * -0.0002 0.92 * * -0.0003 0.87 * * -0.0001 0.91 * * 4 0.0004 -0.33 * * -0.0003 0.83 * * -0.0003 0.85 * * -0.0017 0.67 * * 0.0011 0.52 * * -0.0000 0.91 * * -0.0001 0.93 * * -0.0002 0.88 * * 0.0000 0.92 * * 8 0.0002 -0.31 * * -0.0001 0.86 * * -0.0002 0.87 * * -0.0006 0.61 * * 0.0011 0.50 * * 0.0001 0.93 * * -0.0000 0.95 * * -0.0001 0.89 * * 0.0001 0.95 * * 13 -0.0002 -0.27 * * -0.0001 0.87 * * -0.0001 0.88 * * 0.0004 0.65 * * 0.0010 0.58 * * 0.0001 0.94 * * 0.0000 0.97 * * -0.0001 0.92 * * 0.0001 0.96 * * 26 -0.0005 -0.22 * * 0.0000 0.89 * * 0.0000 0.90 * * 0.0002 0.60 * * -0.0003 0.69 * * 0.0001 0.97 * * 0.0001 0.99 * * 0.0001 0.96 * * 0.0002 0.99 * * 52 0.0002 -0.14 * 0.0000 0.90 * * 0.0000 0.92 * * 0.0002 0.63 * * -0.0006 0.55 * * 0.0002 * 0.98 * * 0.0001 1.00 * * 0.0002 0.95 * * 0.0002 0.99 * *
In addition, liquidity factor plays an important role in asset pricing. In fact, a body of literature has concentrated on the liquidity factor (Avramov et al., 2016) , whose importance has been highlighted after the Global Financial Tsunami (Jiang et al., 2010; Han et al., 2017) . In our work, we follow Amihud (2002) to construct illiquidity factor as the measure of market liquidity state. We first construct a daily illiquidity measure for each individual stock by calculating the ratio of absolute daily return to its trading volume in RMB:
where R i,t,d is the return of the stock i on day d of week t and VOLD i,t,d is the respective daily trading volume in RMB.This measure is averaged over all trading days
and then over all stocks available in the same week t:
where D i,t is the number of trading days and N t is the number of available stocks. Market illiquidity would be at high (low) level when the illiquidity at week t is above (below) its median value for the whole sample period. In addition, we consider the periods with illiquidity extremes, including the periods with illiquidity value above its 80 percentile (Top20) as well as the periods with illiquidity value below its 20 percentile (Bottom20). Lastly, we consider behaviorally associated factors, which have gained much more attention in recent years. In fact, many abnormal phenomena in the market become reasonable within the framework of behavioral finance, and the newly proposed behavioral three-factor model indeed works well in explaining most of the anomalies (Daniel et al., 2019) . More importantly, the momentum effect has been found to be closely linked to investor sentiment (Antoniou et al., 2013) . In our work, we adopt the method proposed by Baker and Wurgler (2006) (BW, hereafter) to construct the measure of investor sentiment. Specifically, the BW sentiment index is the first component obtained from the principle components analysis on six proxies of sentiment. 9 We obtain the six factor loadings associated with the first component:
where CEFD t denotes the closed-end fund discount at the end of week t, which is the average difference between the net asset values of closed-end stock fund shares and their market prices; NIPO t denotes the number of IPOs at week t and RIPO t denotes their average first-day returns; P D−ND denotes the dividend premium, which is the log difference of the average market-to-book ratios of payers and nonpayers; S t denotes the equity share, which is the gross equity issuance divided by gross equity plus the gross long-term debt issuance; 10 and lastly, T URN t denotes the turnover rate at week t, which is defined as the ratio of share volume for the A-share market to its all outstanding shares. Likewise, the high (low) level of investor sentiment is defined as the periods when the sentiment measure at week t is above (below) its median for the whole sample period. The extremely high (low) level of sentiment is also taken into account, which is defined as the periods with the sentiment value being greater (less) than its 80 (20) percentile, denoted as Top20 (Bottom20). In addition, we also consider the change in sentiment measured by the first-order difference of the sentiment index, which is argued to influence the momentum performance (Moskowitz et al., 2012) . And its extremes are taken into account as well. It is noted that the sentiment index formed in our work spans from January 1999 to December 2017, because the data of close-end fund discounts are not available before 1999. Cooper et al. (2004) , the upside (downside) market state at week t is defined as the periods with the positive (negative) cumulative return of Shanghai Composite Index (SHCI) over the past N trading weeks. The results are presented in the columns of Market state (N) and N is assigned to 26 and 52. Up (Down) denotes the periods with upside (downside) market state. Following the Amihud (2002), market illiquidity measure is constructed according to Eq. (7). Market illiquidity is in the high (low) level when the illiquidity at week t is above (below) its median value for the whole sample period. The periods with liquidity extremes refer to the periods with the illiquidity above than its 80 percentile (Top20) and the periods with illiquidity value below than its 20 percentile (Bottom20). Following Baker and Wurgler (2006) , the sentiment index is constructed according to the measure of investor sentiment Eq. (9). High (low) level of investor sentiment is defined as the periods when the sentiment index at week t is above (below) its median for the whole sample period. The extremely high (low) level of sentiment is defined as the periods with sentiment being higher (lower) than its 80 (20) percentile, denoted as Top20 (Bottom20). Lastly, change in sentiment measured by the first-order difference of sentiment index as well as its extremes are considered, which follow the similar definitions mentioned above. Newey and West (1987)'s t-statistics are obtained and the superscripts * and ** denote the significance at 5% and 1% levels, respectively. High Low Top20 Bottom20 MOM 1 -0.0013 -0.0009 -0.0013 -0.0010 0.0016 -0.0029 * 0.0021 -0.0033 * -0.0008 -0.0017 0.0010 0.0006 -0.0027 0.0001 -0.0000 -0.0017 2 -0.0012 -0.0007 -0.0012 -0.0007 0.0012 -0.0023 * 0.0027 -0.0028 * -0.0010 -0.0011 0.0005 0.0008 -0.0026 0.0004 -0.0005 -0.0013 3 -0.0011 -0.0006 -0.0011 -0.0007 0.0010 -0.0021 * 0.0033 -0.0026 -0.0011 -0.0010 0.0002 0.0007 -0.0026 * 0.0005 -0.0005 -0.0013 4 -0.0011 -0.0005 -0.0011 -0.0005 0.0008 -0.0019 0.0036 -0.0024 -0.0010 -0.0008 0.0003 0.0005 -0.0025 * 0.0006 -0.0005 -0.0011 8 -0.0010 0.0002 -0.0009 0.0001 0.0010 -0.0014 0.0042 -0.0017 -0.0005 -0.0004 0.0002 0.0002 -0.0016 0.0007 -0.0004 -0.0002 13 -0.0008 0.0009 -0.0006 0.0006 0.0012 -0.0009 0.0053 -0.0007 -0.0000 0.0001 0.0000 0.0002 -0.0009 0.0010 -0.0004 0.0003 26 -0.0006 0.0014 -0.0002 0.0010 0.0019 -0.0006 0.0069 * -0.0005 0.0006 0.0005 0.0005 0.0006 -0.0002 0.0012 -0.0003 0.0007 52 -0.0011 0.0007 -0.0008 0.0003 0.0011 -0.0012 * 0.0059 * * -0.0011 -0.0001 0.0001 -0.0003 -0.0002 -0.0004 0.0003 -0.0000 0.0002 IMOM 1 0.0034 * * 0.0012 0.0032 * * 0.0015 0.0002 0.0038 * * 0.0025 0.0054 * * 0.0043 * * 0.0015 0.0035 * 0.0046 * * 0.0036 * * 0.0021 * 0.0006 0.0041 * 2 0.0031 * * 0.0012 0.0030 * * 0.0013 0.0004 0.0034 * * 0.0024 0.0050 * * 0.0039 * * 0.0014 0.0033 * 0.0042 * * 0.0033 * * 0.0020 0.0006 0.0035 * 3 0.0028 * * 0.0013 0.0029 * * 0.0012 0.0003 0.0032 * * 0.0024 0.0049 * * 0.0037 * * 0.0014 0.0031 * 0.0041 * * 0.0030 * * 0.0020 0.0007 0.0031 4 0.0025 * * 0.0013 0.0027 * * 0.0012 0.0003 0.0031 * * 0.0025 0.0047 * * 0.0033 * * 0.0014 0.0030 0.0040 * * 0.0027 * * 0.0019 0.0008 0.0026 8 0.0021 * 0.0014 0.0024 * 0.0011 0.0003 0.0028 * * 0.0031 0.0044 * * 0.0027 * * 0.0014 0.0025 0.0039 * * 0.0021 * 0.0020 * 0.0009 0.0017 13 0.0019 * 0.0014 0.0022 * 0.0011 0.0005 0.0024 * * 0.0036 0.0040 * * 0.0024 * 0.0015 0.0025 0.0037 * * 0.0018 * 0.0021 * 0.0014 0.0014 26 0.0015 0.0014 0.0018 * 0.0010 0.0008 0.0019 * 0.0037 * 0.0032 * 0.0020 * 0.0015 0.0024 0.0032 * * 0.0017 * 0.0018 * 0.0016 0.0012 52 0.0011 0.0013 0.0014 0.0010 0.0010 0.0013 * 0.0041 * * 0.0024 * 0.0016 * 0.0014 * 0.0020 * 0.0026 * * 0.0015 * 0.0015 * 0.0010 0.0014
IVol-IMOM 1 0.0034 * * 0.0013 0.0033 * * 0.0015 0.0003 0.0039 * * 0.0025 0.0054 * * 0.0043 * * 0.0015 0.0035 * 0.0047 * * 0.0036 * * 0.0022 * 0.0006 0.0041 * 2 0.0031 * * 0.0012 0.0031 * * 0.0013 0.0004 0.0035 * * 0.0023 0.0049 * * 0.0039 * * 0.0014 0.0032 * 0.0044 * * 0.0033 * * 0.0020 * 0.0006 0.0035 * 3 0.0028 * * 0.0013 0.0029 * * 0.0012 0.0003 0.0033 * * 0.0023 0.0049 * * 0.0036 * * 0.0014 0.0031 * 0.0042 * * 0.0030 * * 0.0020 0.0007 0.0031 4 0.0025 * * 0.0014 0.0027 * * 0.0012 0.0003 0.0031 * * 0.0025 0.0047 * * 0.0033 * * 0.0014 0.0030 0.0042 * * 0.0027 * * 0.0020 * 0.0007 0.0025 8 0.0021 * 0.0014 0.0024 * 0.0011 0.0003 0.0028 * * 0.0031 0.0044 * * 0.0027 * * 0.0015 0.0025 0.0040 * * 0.0021 * 0.0021 * 0.0009 0.0017 13 0.0020 * 0.0014 0.0022 * 0.0012 0.0005 0.0025 * * 0.0036 * 0.0040 * * 0.0024 * 0.0015 0.0025 0.0038 * * 0.0018 * 0.0021 * 0.0014 0.0013 26 0.0015 0.0014 0.0018 * 0.0011 0.0008 0.0019 * 0.0038 * 0.0033 * 0.0020 * 0.0015 0.0025 0.0033 * * 0.0017 * 0.0018 * 0.0016 0.0012 52 0.0011 0.0014 0.0014 0.0010 0.0011 0.0014 * 0.0042 * * 0.0024 * 0.0016 * 0.0015 * 0.0020 * 0.0026 * * 0.0015 * 0.0015 * 0.0010 0.0014 IMD-MOM 1 0.0034 * * 0.0012 0.0032 * * 0.0015 -0.0003 0.0042 * * 0.0021 0.0062 * * 0.0043 * * 0.0016 0.0029 0.0049 * * 0.0041 * * 0.0017 0.0002 0.0034 2 0.0033 * * 0.0013 0.0032 * * 0.0014 -0.0000 0.0039 * * 0.0019 0.0058 * * 0.0042 * * 0.0016 0.0031 0.0048 * * 0.0038 * * 0.0019 0.0004 0.0032 3 0.0030 * * 0.0014 0.0031 * * 0.0014 0.0001 0.0037 * * 0.0022 0.0057 * * 0.0039 * * 0.0016 0.0028 0.0047 * * 0.0035 * * 0.0019 0.0004 0.0030 4 0.0028 * * 0.0016 0.0029 * * 0.0015 0.0002 0.0036 * * 0.0026 0.0054 * * 0.0037 * * 0.0016 0.0029 0.0046 * * 0.0032 * * 0.0021 0.0005 0.0026 8 0.0024 * 0.0016 0.0027 * 0.0014 0.0004 0.0031 * * 0.0033 0.0048 * * 0.0028 * * 0.0018 0.0022 0.0044 * * 0.0022 * 0.0023 * 0.0006 0.0017 13 0.0022 * 0.0016 0.0024 * 0.0015 0.0006 0.0029 * * 0.0034 0.0045 * * 0.0024 * 0.0019 * 0.0021 0.0042 * * 0.0019 * 0.0024 * 0.0011 0.0012 26 0.0017 * 0.0016 0.0019 * 0.0014 0.0008 0.0023 * * 0.0035 * 0.0037 * * 0.0020 * 0.0018 * 0.0023 0.0035 * * 0.0018 * 0.0021 * 0.0017 0.0011 52 0.0014 0.0014 0.0016 * 0.0012 0.0010 0.0017 * 0.0038 * 0.0027 * 0.0018 * 0.0016 * 0.0023 * 0.0028 * * 0.0016 * 0.0018 * * 0.0011 0.0015
The results are presented in Table 9 . Apparently, the results are highly dependent on the aforementioned factors. At first, it is evident that more favorable performance is related to upside market states, except that the MOM portfolios remain insignificant in periods with either states. All the statistically significant portfolios regarding the IMOMs appear in the periods with upside market states, while no portfolios are significant in the periods with downside states. In addition, we also observe a considerable increase in return magnitudes in the periods with upside states, particularly in the short term. For instance, pure IMOMs have weekly average returns about 0.24% when K = 1 week in Table 3 , while it increases up to 0.34% in the periods with upside states. In fact, in the short term, returns of most portfolios increase to the new highs by about 10 basis points on average.
Our results also unveil that market liquidity does influence momentum performance significantly. We readily observe that all of the portfolios with respect to the IMOM are statistically significant in the periods with both high and extremely high levels of market liquidity, which is also consistent with the findings about MOM portfolios (Avramov et al., 2016) . Specifically, portfolios regarding the IMOM achieve even higher returns than those in periods with upside market states. This is highlighted by the fact that, in the periods with extremely high level of liquidity, the associated returns are twice as their raw returns.
The results of sentiment are also of interest. As for the sentiment, it is evident that all of the portfolios regarding the IMOM are significant in the periods with high sentiment levels. As documented by Antoniou et al. (2013) , "bad (good) news among loser (winner) stocks will diffuse slowly when sentiment is optimistic (pessimistic)". Because of cognitive dissonance and costly short-selling, there would be an asymmetric momentum that mainly depends on the negative returns drift of loser portfolios. Accordingly, a negative abnormal return drift of loser portfolio mainly contributes to the idiosyncratic momentum effect in periods with high levels of sentiment, while in the periods with low levels of sentiment, a positive abnormal return drift of winner portfolios mainly contributes to the idiosyncratic momentum effect. Unfortunately, we obtain the results that loser portfolios have smaller magnitudes of abnormal returns than those of winners at high levels of sentiment, 11 which implies that further theoretical analysis is needed. Additionally, we also observe that the portfolios regarding the IMOM are significant in the periods with extremely low level of sentiment, which is not very counter-intuitive. Extremely low level of sentiment reflects the pessimism about future. Investors are likely to demonstrate more inattention in this situation, and have no incentive to enter into the positions of equities. Despite of the cognitive dissonance, this would also lead to the much slower diffusion of good or bad news, thus giving rise to more pronounced IMOM effects, as unveiled by our results.
We additionally find that returns are statistical significant mainly in periods with high levels of sentiment change, which is also consistent with the arguments mentioned above. In comparison, the returns of a few of portfolios are statistically significant in the periods with low levels of sentiment change, which indicates the asymmetric momentum associated with lower costs of buying the winners.
In summary, we conclude that the better performance with respect to the IMOM is closely related to the upside market state, the high levels of market liquidity and the high levels of investor sentiment.
Conclusion
This paper concentrates on the short-term idiosyncratic momentum (IMOM) as well as its risk-adjusted versions with respect to various idiosyncratic risk metrics. Specifically, we attempt to evaluate the performance of short-term IMOM effects and explore more profitable risk-adjusted IMOMs.
Taking the A-share individual stocks in the Chinese market as data sample from January 1997 to December 2017, we first evaluate the performance of weekly momentum and idiosyncratic momentum based on raw returns and idiosyncratic returns, respectively. We find a more prevailing contrarian effect and a pronounced IMOM in the whole sample period, which implies the influence of time-varying common factors to pure momentum portfolios.
After that, statistical tests are conducted to investigate the predictability with respect to various idiosyncratic risk metrics. The univariate portfolio analysis confirms the negative relation between most of the idiosyncratic risk metrics and cross-sectional returns, which is consistent with behavioral finance theories. More importantly, better performance is found to be related to IVol and IMD. Spanning tests also provide evidence for the better explanatory 11 The results could be provided upon the request. power of IVol and IMD upon others. In addition, our results also unveil that the price limits mechanism might function well in alleviating the extreme pessimism or optimism of investors in China.
Based on the preceding tests, we further conduct a comparison study on the performance of the IMOM portfolios with respect to various risk metrics. Different risk adjustment methods are employed and we obtain the robust results revealing the outperformance of IVol-IMOMs and IMD-IMOMs, particularly in the bivariate portfolio analysis. Spanning tests demonstrate that IVol-MOMs and IMD-MOMs exhibit a more powerful explanation to other risk-based IMOM portfolios as well.
Finally, the study is conducted to explore the possible explanations to IMOMs as well as risk-adjusted IMOMs, including IVol-IMOMs and IMD-MOMs. We find that the performance of portfolios regarding the IMOMs is closely linked to market states, illiquidity and sentiment. Specifically, upside market state, high levels of liquidity and high levels of investor sentiment give rise to the higher profitability of the IMOMs and risk-adjusted IMOMs. 0.0031 * * 0.0029 * * 0.0028 * * 0.0025 * * 0.0016 * * 0.0013 * * 0.0008 * * 0.0007 * * 3 0.0036 * * 0.0034 * * 0.0032 * * 0.0028 * * 0.0019 * * 0.0015 * * 0.0010 * 0.0008 * 4 0.0038 * * 0.0034 * * 0.0032 * * 0.0028 * * 0.0020 * * 0.0016 * * 0.0010 * 0.0008 * 8 0.0033 * * 0.0030 * * 0.0028 * * 0.0026 * * 0.0021 * * 0.0017 * * 0.0012 * 0.0010 * 13 0.0030 * * 0.0028 * * 0.0026 * * 0.0024 * * 0.0020 * * 0.0017 * * 0.0012 * 0.0011 * 26 0.0024 * * 0.0022 * * 0.0021 * * 0.0020 * * 0.0018 * * 0.0016 * 0.0014 * 0.0012 * 52 0.0019 * * 0.0018 * * 0.0018 * * 0.0017 * 0.0016 * 0.0016 * 0.0013 * 0.0011 * 0.0020 0.0020 0.0019 0.0018 0.0014 0.0013 0.0011 0.0009
Appendix A. Additional tables
Panel C: sub-period from 2004 to 2010 2 0.0035 * * 0.0036 * * 0.0034 * * 0.0032 * * 0.0019 * * 0.0015 * * 0.0009 * 0.0008 * 3 0.0042 * * 0.0044 * * 0.0041 * * 0.0037 * * 0.0022 * * 0.0017 * * 0.0009 0.0008 4 0.0045 * * 0.0044 * * 0.0041 * * 0.0037 * * 0.0025 * * 0.0019 * * 0.0010 0.0008 8 0.0041 * * 0.0039 * * 0.0036 * * 0.0033 * * 0.0022 * 0.0018 * 0.0011 0.0010 13 0.0034 * * 0.0032 * * 0.0030 * * 0.0028 * * 0.0020 * 0.0015 0.0009 0.0010 26 0.0021 0.0021 * 0.0019 0.0016 0.0012 0.0010 0.0009 0.0010 52 0.0015 0.0013 0.0013 0.0012 0.0010 0.0010 0.0009 0.0010
Panel D: sub-period from 2011 to 2017 2 0.0046 * * 0.0041 * * 0.0039 * * 0.0035 * * 0.0022 * * 0.0018 * * 0.0012 0.0012 * 3 0.0050 * * 0.0042 * * 0.0040 * * 0.0035 * * 0.0023 * * 0.0019 * 0.0014 0.0014 * 4 0.0052 * * 0.0043 * * 0.0039 * * 0.0035 * * 0.0026 * * 0.0020 * 0.0015 0.0015 * 8 0.0040 * * 0.0033 * 0.0031 * 0.0029 * 0.0024 * 0.0019 0.0015 0.0016 13 0.0033 * 0.0028 * 0.0027 * 0.0026 * 0.0022 0.0018 0.0016 0.0017 26 0.0029 0.0026 0.0026 0.0026 0.0023 0.0021 0.0018 0.0017 52 0.0023 0.0021 0.0022 0.0022 0.0021 0.0019 0.0017 0.0015 Table 1 . Average weekly returns (Raw), FF5F-αs (α), annualized Sharpe ratios (SR) and maximum draw downs (MD) are presented in each panel. The sample period is from January 1997 to December 2017. At the beginning of each week, each risk metric is calculated using idiosyncratic returns over past 130 trading days for individual stocks, by which the they can be sorted into ten decile groups. Winner portfolios can be constructed by buying the stocks from the decile group with highest risk. Portfolios would be held for K weeks, and calendar-time method is applied to obtain the average weekly return. Newey and West (1987) t-statistics are obtained and the superscripts * and ** denote the significance at 5% and 1% levels, respectively. Table 1 . Average weekly returns (Raw), FF5F-αs (α), annualized Sharpe ratios (SR) and maximum draw downs (MD) are presented in each panel. The sample period is from January 1997 to December 2017. At the beginning of each week, each risk metric is calculated using idiosyncratic returns over past 130 trading days for individual stocks, by which the they can be sorted into ten decile groups. Loser portfolios can be constructed by selling the stocks from the decile group with lowest risk. Portfolios would be held for K weeks, and calendar-time method is applied to obtain the average weekly return. Newey and West (1987) t-statistics are obtained and the superscripts * and ** denote the significance at 5% and 1% levels, respectively. 
